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EXPERIMENTAL PROGRAM AND RESULTS
The experimental program consists of design of the experimental loop, setting up experimental procedures, performing two-phase flow test runs to generate the various flow regimes at various gas and liquid flow rates and classifying the flow regimes based on different criteria.
Experimental Loop
The schematic of the experimental loop is shown in Figure 2 -1. The test loop is comprised of a test section, separator, water tank, pump, air supply line, various instruments for water and airflow measurement, valves and associated piping.
Test Section
The test section is a 3" ID acrylic tube, which is mounted vertically. Air and water are supplied at the bottom of the test section and they flow vertically upwards. The entrance to the test section is constructed in such a way that will result in the proper mixing of water and air at the inlet. Water enters through 4 inlets, three on the side at equal angles from each other and a fourth inlet at the bottom of the tube. There are baffles constructed on the inside of the tube to prevent eddies or vortex formation at the inlet.
There is a porous steel rod inside the tube at the inlet. Air enters at the bottom of the tube through the porous steel rod. This helps in proper atomization of the air at the inlet.
There are 4 taps on the main test section. They are used to hold conductivity probes as well as pressure taps. The first one is approximately 20" from the bottom. The other probes are placed at a distance of 50", 80" and 130" from this probe. The total height of the test section is approximately 3.8m. As shown in Figure 2 -1, there is a separator at the top of the test section. The separator is drum placed at the top of the test section, which is used to collect the water and air after passing through the test section. A baffle is attached to the end of the test section tube so that the excess spilling of water outside of the separator is avoided. This helps break off the flow of water. The separator is then connected to the water tank by a pipe. This completes the test section loop. With a pump at the bottom, water can now be pumped continuously through the test section.
Water and Air Supply Lines
The water supply line consists of piping and instruments from the pump to the inlet of the test section. There are two water flow lines from the pump to the inlet of the test section. The two pipes are 1" and 1.5" ID. The pipes are connected such that they can be run independently as well as together. This is done to get a wider range of water flow rate. Both the pipes are equipped with magnetic flow meters to measure the liquid flow rate. A filter is installed in the water supply line to clear out any impurities in the water.
The airflow line is attached to the bottom of the test section and is checked by valves and rotameters. There are three rotameters in the test loop to control the airflow rate and to obtain the input airflow rate across various flow rates.
"
52"
86" The experimental loop is equipped with flow meters for liquid (magnetic flow meter, rotameters) and gas (rotameters), DP transducers to measure pressure drop, two point conductivity probe (Revankar and Ishii 1992) 
Data Analysis
Acquisition of the data is done with the help of a LabView® program. The frequency of the data acquisition is set by the user. This program displays the void fraction signal as obtained by the computer and then calculates the void fraction of the signal over every user-defined interval of time. For example, while collecting the data for the bubbly flow the user may desire the data acquisition to be carried out at a frequency of 10 KHz and the void fraction to be calculated every second. The output is displayed by the program. The user can also save the conductivity probe data and the void fraction data if he so desires. In the following sections, the data is presented as it has been analyzed after acquisition and classified into different flow regimes.
Visual Observation
As stated earlier, the visual observation involves recording the flow regimes with the help of a high-speed camera and then based on the visual observation, classifying it into different flow regimes. As shown in Figure 2 obtained by Mishima and Ishii (1984) .
As can be seen, the transition for bubbly to slug flow is almost at the same flow rates in both the cases. This is due to the fact that the onset of slug flow is independent of the diameter up to a pipe diameter of 10cm. For pipes larger than 10cm in diameter, slug flow ceases to exist and the flow directly transitions to churn flow. Transition from slug to churn occurs at much lower flow rates in the case of a 3" diameter pipe than a 1" diameter pipe.
Flow regime map 
Flow Regime Identification
In Figures 2-3 to 2-4 the images of the flow in bubble and slug regime are shown.
Bubbly flow is characterized by the flow of dispersed gas bubbles in a continuous liquid medium. The bubbles are of uniform size with no appreciable distortion. Bubble coalescence is also not observable in ideal bubbly flow. In our experiment, flow has been differentiated into only three flow regimes to make it simpler, namely, bubbly, slug and churn. Therefore, the cap bubbly data is included in the bubbly classification. A highspeed frame capture from the high-speed camera is displayed in Figure 2 As can be seen, the two figures do not closely resemble each other. This can be explained by the fact that the maximum pipe diameter for slug flow to exist is around 10 cm as established by Mishima and Ishii (1984) . The pipe diameter in our test section is In the ideal case, churn flow is characterized by increase in turbulence in the flow regime and thus the Taylor bubble is broken into smaller bubbles and the void fraction in the slug bubbles increases. The high-speed camera still for the churn flow case is shown in Figure   2 -6. 
Bubbly Flow Data
After taking the experimental data, similar analysis is done to obtain the flow parameters similar to the ones obtained from the simulated data. The representative flow regimes as well as the void fraction distribution and the PDFs of the void fraction are detailed in the following figures. In the analysis, a PDF was obtained after analyzing a sample data consisting of over 20,000 data points. This is due to the fact that a larger data set will resolve in a smoother PDF, which is very helpful for analysis. The optimal bin size of the PDF is arrived at after a little trial and error. A small bin size results in the PDF being very jagged as there are a few samples falling into each of the bins whereas a large bin size smoothes the PDF resulting in the concealment of various important parameters of the data being analyzed.
In the Figure 2-7 (a) and (b) probability density function for the bubbly flow data is displayed. As can be expected from the flow of uniform bubbles dispersed in the liquid, the transition time is low and is not spread over a large interval of times.
Slug flow data
Similar to the bubbly flow data, slug flow data has been taken. This data is taken for the flow rate of Jf = 0.04 m/s water flow rate and Jg = 0.16 m/s air flow rate. The signal time traces are then obtained for the slug flow from the conductivity probe data. As explained earlier, the probe outputs a high voltage for airflow around the probe (bubble passing) and a low base voltage when water surrounds it. When compared to the void fraction PDF for bubbly flow, the PDF displayed by the slug flow regime displays distinctly different characteristics as in the peak close to the value of void fraction of 1.0 which is absent from the bubbly flow regime PDF for void fraction. Thus this is a distinguishing factor for differentiating bubbly and slug flow. depicts the slug flow regime has two appreciable peaks, one at a low transition time, corresponding to the slug bubbles and another peak corresponding to the Taylor bubbles.
Hence this peak has a higher transition time. Thus the slug flow is easily distinguishable from the bubbly flow due to the presence of higher transition times of the Taylor bubbles. In contrast to the simulated data, we have higher transition times for churn flow than for the slug flow. The reason is that the simulation is made taking into consideration a lot of simplifications in the flow. Also, the simplifying assumptions are valid to a greater extent to the flow in smaller diameter of pipes. In a larger diameter pipe, the Taylor bubble instabilities occur much earlier in the flow than for a smaller diameter pipe. This fact is corroborated from the flow regime map obtained from visual observation and its comparison to a 1" diameter flow transition. As can be seen in Figure   2 -2, the slug to churn flow transition occurs much earlier in our case than in the case of Mishima and Ishii (1984) .The PDFs obtained for the void fraction and the transition time are then used for the decision making process in both SPRT and PROTREN. For control and safe operation, the active control system should receive sensor signal that indicates the flow transition or incipient to flow transition. A single point conductivity probe is considered as the sensor in our research since it is robust and its simplicity of design allows it adoption to any industrial piping.
Sequential Probability Ratio Test (SPRT) was first devised by Wald (1973) .
Following Wald's sequential analysis a decision test based on the SPRT has an optimal property; i.e. for given error probabilities, there is no other procedure with at least as low error probabilities or expected risk with shorter average sampling time than the SPRT.
Because of this property and its inherent simplicity, the SPRT was chosen as the flow pattern annunciation tool.
The flow pattern characteristics were identified by the probe signal. For dynamic detection of the flow pattern, the SPRT method was used. The probe signal is first processed for void fraction and transition time. The signal is then subjected to the SPRT.
The SPRT testing is carried out dynamically so that the flow transition detection is almost instantaneous. The primary aim in using SPRT program for the detection of transients is to be able to detect the transition earlier than other approaches. For this purpose, we utilize the transition time of the signal from conductivity probe. The transition times are obtained for representative conditions and the probability density functions are then obtained for these transition times. These probability density functions are then used as a knowledge base for distinguishing between two probability density functions.
Test Approach
First the conventional approach to distinguish between two hypotheses is explained followed by the approach taken in this current research to account for experimental data as well as non-Gaussian data and to get the appropriate results.
First the simulation and experiments were carried out for all flow patterns was performed and the conductivity probe signals were obtained for the two-phase vertical flow. From the conductivity probe signals, transition time and the void fraction distribution were obtained. Since the transition time corresponds to the gas phase geometry and carries instantaneous phase information, the SPRT was fist calculated based on transition time distribution. As a first approximation, the transition time is assumed to have a normal distribution. If the transition time is non-Gaussian, the performance of SPRT using Gaussian Distribution is not significantly affected. (Humenik and Gross 1992) The natural logarithm of probability likelihood ratio SPRT(n) was calculated as
In the above set of equations the following is the terminology:
Z n is the value of the SPRT at stage n The value of the SPRT is usually obtained by taking the logarithm of U n . U n is defined as the ratio of the probability of the occurrence of each hypothesis at the current point X i . In this case it is the ratio between the two probabilities f n and σ is the standard deviation of the function and m j is the mean of the function In this case, the PDFs are already established from the formulas as the mean and standard deviation of the representative flows is supposed to be known before the analysis is carried out. This is not true in the experiment where the mean and standard deviation of the PDFs are not already established.
In our case, to take into consideration, the non-Gaussian nature of the distribution of the transition time and to make the SPRT approach applicable to the experimental data, an alternate approach is taken. The bubble transition time probability density functions are first generated to represent the different flow regimes. The SPRT is then considered as a ratio of the two different kinds of flow, i.e. slug/bubbly, churn/slug etc. (Wang et al 2001) . PROTREN is designed to be used in various circumstances without too much modification.
Artificial neural network (ANN) is the critical part of this research work. ANN-based truth decision curves form the core of the fuzzy inference module and hence affect the system performance. ANNs are similar to real neurons in human. Each neuron has input and output connections with weights assigned to them. Usually, the ANN is composed of layers of neurons and it needs a training process before used. The objective of the training process is to find a set of weights which minimizes the mean square error of the training sets. And it is expected that this optimization is effective for other similar data. It has been proved that ANNs are capable of simulating any nonlinear functions. In addition, ANNs simulate learning process of human being and they are mathematical model free (Tsoukalas and Uhrig, 1997) .
Another important tool for simulating the computational performance of the human brain is fuzzy logic. It is well known that human being is good at handling fuzzy concepts, uncertain and even conflicting information. Fuzzy logic technology is a candidate which enables computer programs to 'think' like a person .
Wavelet, as a recently developed time-frequency transformation tool, has been the most successful advance in signal processing. It supports multi-resolution analysis of localized information. Therefore wavelet analysis can be very useful in break point detection and discontinuity identification. For detection problems, wavelet packet transform is usually utilized to redistribute the energy of signal on the time-frequency plane and it usually has the advantage of obtaining more energy concentration than wavelet transform. Then the important transient information could be extracted and better performance is expected. In this research, the wavelet coefficients present as a major feature extracted from online signals.
The existing transient detection methodologies are most statistics based. Sequential Probability Ratio Test (SPRT), which takes the advantage of the likelihood ratio of two probability distributions, is the optimum for Gaussian processes and the benchmark that every new methodology needs to beat. In this paper, we also compare our results with those from SPRT.
PROTREN Structure
In order to obtain timely and reliable trend information from incoming on-line signals, a feature-based methodology is developed which detects emerging trends based on the information contained in the current and a few recent sample points. All existing methods utilize one specific feature. These methods are optimal in some limited circumstances but fail when some strict assumptions are not satisfied. Better result may be obtained if multiple features are observed spontaneously, especially when some uncertain information, which would fail most optimal methods, exists. In addition, feature-based methodology makes it possible to develop process-independent systems.
Process-dependent detectors focus only on some specific feature so that the performance is guaranteed only in limited situations. If multiple features are utilized and the inference engine can adjust itself online and always choose the most appropriate feature, detectors can be process-independent.
However, there are some difficulties when multiple features are concerned. The first difficulty happens when different features provide conflicting information. Artificial intelligence can be applied to solve this problem. Fuzzy logic technology is capable of simulating experts' inference to handling conflicting information. It does not necessarily provide best performance in some limited cases. Fuzzy logic provides limited optimal decision-making process, which makes transient detector more robust and reliable. The second difficulty of developing this new system is that the objective of this methodology is to hard code as few as possible process dependent information such as parameters, equations. Instead, more useful features and important general rules are utilized. ANN technologies provide the system learning ability and allow the system to adjust itself online.
The whole process is described in Figure 4 Instantaneous signal changes are recorded and accumulated in the third parameter.
By accumulating the signal changes it becomes possible to make decisions based on not only the instantaneous signal changes, e.g., the pdf, but also on the recent history of the signal. This feature is very sensitive for transient signals distributed with multiple peaks in pdf.
Likelihood ratio is an efficient feature. Decisions can be made in the quickest manner if the probability distribution is known for transients and noise. In practice the logarithm format of the likelihood ratio is usually used.
The last feature contains the wavelet coefficients. Wavelet packets transform is performed. The coefficients are utilized to check if there is abnormal energy existing in the frequency domain. The detail definitions of these features can be found in references (Wang et al, 2001) .
To obtain the confidence, the original value needs to be fuzzified as fuzzy concepts in advance, and then the fuzzy rules are applied. In the new methodology, this process is simulated with a truth decision mapping curve, which is obtained based on ANN technology. To implement this mapping process, several truth decision curves are generated based on online data sets. This generation process can happen either in a separate training stage or in application stage.
Truth decision curves represent relationships between value of features and their corresponding fuzzy numbers, in which membership information can be found. For mathematical convenience, triangle fuzzy numbers are adopted in the system. Therefore the fuzzy number as well as the final decision is determined only by truth decision curves in addition to the value of features. In another word, truth decision curves are the most critical part of this fuzzy system because fuzzy rules are integrated into these curves and these curves as a whole play a role of inference engine.
After the values of the features are obtained, they are fed into these mapping functions (truth decision curves). The truth decision curves, which simulate some specific fuzzy rules, provide some subjective judgments. In the case of signal detection problem, (Mendel, 2000; . In these systems, the uncertainty of fuzzy rules is represented by another set of membership functions. In the decision making module, Type-2 fuzzy numbers are transformed into Type-1 fuzzy numbers first. Then defuzzification process is applied on the Type-1 fuzzy numbers. The whole process is complicated. In our methodology, instead of using Type-2 fuzzy numbers, the weight of the fuzzy numbers is utilized to reflect the uncertainty of the fuzzy rules.
In fuzzy systems, every parameter includes useful information and none of them provides dominant contribution. Therefore, all the rules are fired to some extend. More reliable rules are given higher weights. On the other hand, less reliable rules have lower weights. Generally, the parameters that represent cumulative information play a more important role than the others and the parameters that represent time rate of changes are less important due to the uncertainty of additive noise. The parameters' importance reflects experts' confidence on the different fuzzy rules which are developed based on the features. More important parameters give more accurate results. The importance of fuzzy rules does not influence the shape of the fuzzy numbers because it is difficult to integrate the importance of each feature into the generation process of truth decision curves.
Instead, they make functions in the data fusion process. In addition, the weights are not always constant. They will be adjusted online with some self-learning algorithm. If in some tests several rules give wrong decisions and others give correct decisions, the weights of the former are decreased and those of the latter are increased. The details are shown in Table 2 . In this experiment, bubbly flow, slug flow and churn flow are distinguished using void fraction data. Because the flow regimes are identified by pairs, the whole experiment can be divided into three parts. In all of these parts, the training sets contain 21000 data points and the test sets contain 4000 data points. The results show that the error rate of the neurofuzzy methodology is about 80% on average of those using SPRT, which is the optimum statistical based method. Part of the improvement is due to the imperfection of pdf obtaining process in SPRT. Another important reason is that our methodology relates more information in the data.
